An aero-engine is a complex aerodynamic thermal system, which can operate in extreme environments for long periods. It is crucial to diagnose any faults of the aero-engine control system accurately. At present, most aero-engine control system fault diagnosis schemes suffer from large interference, significant chattering, and low estimation accuracy. To diagnose multi-faults of the control system effectively, we introduce and investigate a new fault diagnosis scheme in this paper, which uses joint sliding mode observers. First, we develop a mathematical model for multi-faults in the control system, which can describe actuator and sensor faults in detail. Then, we design the joint sliding mode observers for fault detection and isolation (FDI), using the sliding mode variable structure term to reduce the coupling effect. Finally, during the fault estimation process, we use a pseudo-sliding form to reduce the chattering problem and suppress the impact of interference, which leads to an accurate estimation of the multi-fault characteristics. The simulation results show that, the proposed scheme can effectively detect and isolate faults, which enables superior timeliness and accuracy compared to a conventional sliding mode observer scheme. During the process of fault estimation, the effect of chattering is reduced, which shows the advantages of strong sensitivity and high estimation accuracy.
I. INTRODUCTION
An aero-engine is an aerodynamic thermal system that integrates technologies such as aircraft, electricity, gas, and fluid. Due to the complex aero-engine structure and the harsh operating environments, as the operating time increases, the reliability decreases gradually, and the occurrence of faults is inevitable [1] , [2] . To improve the stability and safety of aeroengines, and to extend the service life, it is crucial to diagnose all faults accurately and effectively [3] . In this paper, we use a turbofan engine as research object and analyze the control system faults.
Researchers, worldwide, have proposed plenty of methods that require observers for control system fault diagnosis. At present, the Luenberger observer [4] , Kalman filter (KF) [5] , and sliding mode observer (SMO) [6] , [7] are commonly used. The conventional observer was first proposed by Luenberger, who used linear feedback to estimate the The associate editor coordinating the review of this manuscript and approving it for publication was Rosario Pecora . form of the error. Although the Luenberger observer has good fault detection sensitivity, due to uncertainties such as noise, interference, and time-varying parameters of the aero-engine, the Luenberger observer suffers from inaccurate estimate severely [8] . The Kalman filter is robust for systems with white noise but is less robust for systems with white noise but less so for systems where interference does not come in the form of Gaussian white noise [9] . Due to the strong nonlinearity of a turbofan engine, its accuracy is high near the modeling area when linearizing. However, a modeling error occurs throughout the life cycle. When multi-faults occur, there is strong coupling between different faults, which results in a Kalman filter estimation accuracy that cannot meet the requirements [10] . In addition, the extended Kalman Filter (EKF) [11] , cubature Kalman filter (CKF) [12] and unscented Kalman filter (UKF) [13] have been improved due to an improved Kalman filter algorithm. However, there are some shortcomings, such as a large initial error and inaccurate estimates for strong nonlinear systems.
Sliding mode control (SMC) [14] was first proposed by the Soviet scholar Emelyanov in the 1960s. During the development of the sliding mode observer, Utkin [15] first used discontinuous switching items. Subsequently, Walcott and Zak [16] used a Lyapunov-based method to construct observers with discontinuous terms, and the Thau observer [17] was designed for nonlinear systems. The sliding mode observer feeds the output estimation error back via a nonlinear switching term, which effectively solves the problem that the state estimation cannot approach the system state due to unknown interference [18] , and increases robustness. Sliding mode theory has been continuously developed for decades, and the areas of application of this method have been expanding. In recent years, SMO-based fault diagnosis methods were studied extensively [19] . However, the sliding mode observer represents a discontinuous control system. When reaching the sliding surface, the state trajectory traverses back and forth on both sides of the sliding surface, which causes the well-known chattering problem [20] - [22] . In addition, coupling between different faults has an adverse effect on the fault diagnosis results. To make better use of SMO for aeroengine control system fault diagnosis, the following problems need to be solved: 1) Existing control system fault models cannot describe multi-faults accurately; 2) Due to coupling between different faults [23] , problems such as insensitive reaction, false positives and false negatives may occur during the fault diagnosis process; 3) The chattering problem of the sliding mode observer affects the estimation accuracy negatively [24] .
To make up for the shortcomings of the conventional sliding mode observer, we design a more effective multifault diagnosis scheme for the aero-engine control system using joint sliding mode observers, which can describe all possible faults by multi-fault model. During the FDI process, the sliding mode variable structure term can weaken coupling between different faults, and increase the sensitivity of FDI. The proposed scheme also can suppress the impact of uncertain factors for fault estimation. This method shows a strong fault identification and separation capability, and improves the estimation accuracy, which has the following advantages compared to the conventional sliding mode observer method:
1 It represents a more comprehensive multi-fault model for aero-engine control systems, and it supplies a more accurate description of multi-faults, thereby laying the foundation for a fully-fledged multi-fault diagnosis. 2 Design of joint sliding mode observers for FDI: Each of these observers corresponds to a specific fault, which reduces the coupling effect and improves the accuracy of the fault diagnosis. 3 During fault estimation, we use a pseudo-sliding form to reduce the chattering problem and suppress the impact of interference by H ∞ design. This leads to an accurate estimation of the multi-fault characteristics. The content of other sections in this paper are as follows: In Section. II, a multi-fault model for the control system is presented. The scheme using joint sliding mode observers for multi-fault diagnosis is established in Section. III. In Section. IV, some simulation and verification results are given to evaluate the scheme proposed in this paper. Section. V concludes the results and discusses the future direction of related research.
II. FAULT MODEL
The aero-engine control system consists of actuators, a dynamic system, and sensors [25] . In this section, we study the actuator faults and sensor faults, and analyze the typical fault model and mechanism of the actuators and sensors. Then, we establish a mathematical model for multi-faults in an aero-engine control system.
A. TYPICAL FAULT MODEL
Faults may occur in actuators, system components and sensors [26] , [27] , as shown in Fig. 1 , which are denoted by f a (t), f c (t) and f s (t), respectively. In this paper, we study actuator faults and sensor faults diagnosis of the control system.
Because actuator faults can interrupt or change the output value of the controller [28] , the controlled object cannot receive the required input [29] , and the sensor faults can change the output value, which can produce inaccurate measurement information [30] . Both actuator faults and sensor faults usually do not affect the characteristics of the controlled object [31] . Typical fault modes for actuators and sensors [32] include stuck, constant gain changes, constant deviations, and other abnormal behavior. In the control system, u R (t) represents the stimulus-response to the control input u(t). If actuator faults occur, u R (t) can be described as
The actual output value is usually not directly available, and the value needs to be measured by sensors [33] . If sensor faults occur, the measurement output value can be described as:
B. MULTI-FAULT MODEL Accounting for control system uncertainties, when multifaults occur [34] , the model can be formulated as: In other words, the operation of each actuator and sensor is independent, and they have no effect on each other. The aero-engine control system is complex and changeable. To establish the multi-fault model that satisfies the requirements and implement fault diagnosis more effectively, we make the following assumptions on the related matrixes, the boundedness of the actuator and sensor faults, and the nonlinear part characteristics.
The actuator faults, sensor faults and system uncertainties are bounded functions, i.e. f ai
where L f represents the Lipschitz constant. Based on the above assumptions, the following fault model can be formulated for possible fault conditions:
When establishing the multi-fault model, the following content about equation (5) need to be stated:
(3) f ami denotes the i-th actuator fault when α (α m) actuator faults occur simultaneously, while B mi denotes the column vector of the i-th (i = 1, 2, · · · , α) actuator fault.
(4) f sqj denotes the j-th sensor fault when β (β q) sensor faults occur simultaneously, while D qj denotes the column vector of the j-th (j = 1, 2, · · · , β) actuator fault.
(5) Possible fault conditions: α(α m) actuator faults and β(β q) sensor faults can occur simultaneously.
The integral observer can efficiently estimate unknown inputs. Therefore, for sensor faults, we use the integral observer (6) and (7) to transform them into pseudo-actuator faults, consequently, a control system multi-fault model can be established to accurately describe the actuator and sensor faults. Other than that, actuator and sensor faults are expressed in the same form, so the same method can be used to diagnose actuator and sensor faults, which simplifies the design of the fault diagnosis scheme.
A new control system equation can be obtained using (5) and (7):
By definingx = x ϕ ,ȳ = ϕ, substituted into (8) gives:
The matrix parameters in (9) arē
Equation (9) means that both sensor and actuator faults have the same form. This can be further organized into where α+β k=1X
and
β j=1Ḡ qj f sqj (t), and all types of control system faults are uniformly denoted by f . α + β, (α + β m + q) represents the total number of possible faults. f k (t) represents the k-th (k = 1, 2, · · · , α + β) fault, andX (m+q)k represents the column vector ofX . The relationship of the full rank matrix X ,B andD can be expressed as
Equation (11) can also be expressed as
In the above process, we transform sensor faults into pseudo-actuator faults through the introduction of the integral observer ϕ, which simplifies the design of fault diagnosis scheme, while it still fully describes the system faults.
III. MULTI-FAULT DIAGNOSIS SCHEME
In this section, we use joint sliding mode observers to establish the multi-fault diagnosis scheme. Firstly, we design observers for the multi-fault model in Section. II to realize FDI. The second step is to design observers for fault estimation. The effect of the uncertainties on the system is attenuated to a minimum level by the H ∞ design [35] , [36] , which means the fault characteristics can be estimated accurately. Fig. 2 shows the fault diagnosis structure diagram.
A. FDI SCHEME
In this paper, we design observers for various types of faults to construct the joint sliding mode observers. In order to promote the application to nonlinear systems with sensor and actuator faults and ensure the accuracy of the proposed scheme, before designing the observers, we make the following assumptions:
Assumption 4: (Ā,C) is observable. There exists a matrix L, which makesĀ 0 =Ā − LC stable matrix.
Assumption 5: The nonlinear functionf (x, t) conforms to the Lipschitz condition for x, i.e. ∀x, x ∈ R n , and there is
where L f 2 is Lipschitz constant. Assumption 6: There exist matrixes P and F, which satisfy PX (m+q)k =C T F T , where P is a real symmetric positive definite matrix.
Assumption 7: Q is a real symmetric positive definite matrix, which satisfies the Lyapunov equation
When the control system faults occur, the SMO designed for the l-th (l = 1, 2, · · · , α + β) fault in system (11), based on the above assumptions, is:
wherex andŷ represent the estimated values ofx andȳ respectively. v k is the sliding mode variable structure term, which can cut off the impact of the remaining faults f (α+β)k (k = 1, 2 . . . . . . α + β, k = l) on the system, and L is the gain matrix. When the l-th (l = 1, 2, · · · , α + β) fault occurs. v k is expressed as
where ρ k is the sliding mode variable structure parameter [37] ,
column vector ofȳ −ŷ, and F (m+q)k is the k-th row vector of the matrix F. When multi-faults occur in the control system, we need to design joint sliding mode observers. Each observer is directed to a specific type of fault, which means that residuals for all faults can be generated. Then, we can determine whether faults have occurred and the specific parts of faults based on the residuals. We now define the state estimation errorē = x−x and the measurement errorē y =ȳ−ŷ. When multi-faults occur in the aero-engine control system, the state estimation error that corresponds to the l-th fault can be expressed aṡ
Based on the previous assumptions, we select the Lyapunov function [38] V =ē T Pē.
(1) Assuming that, when multi-faults occur, not including the g-th fault, we can obtaiṅ
The derivation of the Lyapunov function [39] , [40] is:
When
(2) Assuming that, when multi-faults occur, including the z-th fault, we can geṫ
Because the matrixX is full rank, so thatX (m+q)k is independent ofX (m+q)z linearity, lim t→∞ē z = 0. We can determine that, when k(k α + β) faults occur in the control system, k corresponding state estimation errors e (k) cannot converge to the zero domain, and the remaining α + β − k state estimation errorsē (α+β−k) can quickly converge to the zero domain.
When the l-th (l = 1, 2, · · · , α + β) fault in the control system occurs, the corresponding residual is as follows:
When k faults occur simultaneously, the corresponding residuals are
This time, the residual of the overall system is Based on the above analysis, the FDI scheme using the joint sliding mode observers in this paper, is as shown in Fig. 3 . The scheme can be described as: When faults occur, the overall system residual does not converge to the zero domain. Then we can detect the occurrence of faults in this way. When k (k α + β) faults occur simultaneously, their corresponding residuals r (k) are sensitive to the faults and do not converge to the zero domain ε (k) , while the remaining α + β − k residuals r (α+β−k) are insensitive to the faults and converge to the corresponding zero domains ε (α+β−k) . Therefore, fault isolation can be performed using the relationship between the residual magnitude and the zero domain. The FDI decision logic is shown in TABLE 1.
B. FAULT ESTIMATION SCHEME
After the faults were accurately isolated, we design the observers to estimate the fault characteristics. When multifaults occur in the control system, we need to design an observer for each specific fault to estimate the characteristics. In this section, we use the l-th fault f l as an example to design the SMO:
The sliding mode variable structure term v l can eliminate the effect of uncertainties, so that the residual contains only fault information [41] , which can be expressed as follows:
where the sliding mode variable structure parameter ρ l > 0. We define the state estimation errorē =x −ˆx and the measurement errorē y =ȳ −ˆy. When multi-faults occur, we can useē to estimate the fault f l , which can be expressed 
After select the Lyapunov function
And substituting (27) into (28) we obtain:
When satisfying
< 0, we can getV < 0, so that lim t→∞ē l = 0. The state estimation error is increasingly stable.
Then we select the sliding surface:
By adjusting the sliding mode variable structure item, as shown in Fig. 4 ,ē l can move to the sliding surface in a finite time [42] , and then maintain the sliding mode after a certain chattering process [43] to ensure the robustness of the system. The existence of uncertainties affects the state estimation errorē . Therefore, we design H ∞ to suppress the impact of uncertain factors on the residual:
where µ > 0, and || • || 2 represents a 2-norm.
After the system reaches the sliding surface, it produces ideal sliding motion for a limited time. Thenė l = 0,ē l = 0, and (27) can be written as where v eq is the equivalent output-error injection, which is required to maintain the sliding mode motion.
To reduce chattering during sliding mode motion, the sliding mode variable structure is usually in the form of pseudo-sliding:
where δ l is a positive scalar with a small absolute value to reduce the effect of chattering on the estimation result.
Using the concept of equivalent output-error injection, the fault estimation is expressed aŝ
whereX + (m+q)l is the pseudo inverse matrix ofX (m+q)l . Equation (32) can be rewritten aŝ
Calculating the 2-norm of (35) yields:
Based on the design goal of H ∞ , ē 2 √ µ d 2 , the above equation can be rewritten as
According to the above equation, the error of the fault estimation is related to the system uncertainties. The existence of system uncertainties d affects the accuracy of the fault estimation. Therefore, it is necessary to design a sufficiently small µ to make the SMO retain the fault information effectively.
In summary, when the fault estimation error is within the allowable range, the l-th fault estimation can be approximated usingf Base on the above analysis, the multi-fault estimation scheme is shown in Fig. 5 . When multi-faults occur, we design observers for specific faults, and the term ν l is used to suppress the interference and uncertainties of the system. At the same time, we can achieve accurate fault estimation through the design of H ∞ and the equivalent output error injection term.
IV. SIMULATION AND VERIFICATION
The multi-fault diagnosis scheme proposed in this paper is mainly divided into three steps. As shown in Fig. 6 , the first step is to establish a mathematical model of the aero-engine control system multi-faults. The second step is FDI based on the joint sliding mode observers. The third step is to design a fault estimation scheme after isolating the faults to enable the accurate estimation of multi-faults. The simulation and verification consist of two parts: FDI verification and fault estimation verification.
We verify the scheme using MATLAB/Simulink, taking a twin-shaft turbofan engine as the research object. 
The following matrixes are obtained via coordinate transformation: 
We now consider the following multi-fault situation: 1) f a1 : During t = 8s ∼ 18s, the jumping fault of a fuel metering valve occurs, whose amplitude is 0.1. At t = 18s, the fault disappears. The respective expression is
2) f a2 : During t = 15s ∼ 25s, the gradual fault of the fuel metering valve occurs, increasing of the slope by 0.03/s. When t ≥ 25s, the fault magnitude is maintained at 0.3. The respective expression is
3) f s1 : During t = 10s ∼ 20s, the gradual fault of the fan-speed sensor occurs, increasing of the slope by 0.01/s. When t 20s, the fault magnitude is maintained at 0.1. The respective expression is
4) f s2 : During t = 20s ∼ 30s, due to external interference, a turbine outlet-temperature sensor sinusoidal fault occurs, whose amplitude is 0.3. The angular frequency is 1 rad/s. At t = 30s, the fault disappears. The respective expression is
We select the following matrixes to satisfy assumption 4 and assumption 6: 
First, we verify the proposed FDI scheme. In the verification process, we compare the joint sliding mode observers with conventional thau observers, and verify the overall system and the above four fault-conditions. The results are shown below: The figures show that, during t = 0s ∼ 2s, because the actual value is different from the estimated value, there are short-term fluctuations of the residuals, which can be ignored during the fault analysis. As can be seen from Fig. 8 , in terms of the timeliness of the fault detection, both the conventional method and the proposed method detect faults at about t = 8s. For the overall system, the observed results of the two methods are close and both show good timeliness.
In the process of isolating different faults, the defects of the conventional method gradually appear due to coupling between different faults. As shown in Fig. 9 , when isolating the fault f a1 , it converged to zero during 18s t 30s, and the proposed method shows high accuracy. The conventional method, however, still shows the fault occurring within this period of time due to coupling with other faults, which means that a false positive alarm is triggered. When isolating the faults f a2 and f s1 , because of the positive effect of the sliding mode variable structure term, the joint sliding mode observers can detect and isolate faults more quickly and with better timeliness than the conventional method. When isolating the fault f s2 , due to the coupling with other faults, the conventional method shows false alarms during 14s t 20s, which reflects lower accuracy. In addition, during several short time-intervals after t = 20s, when fault f s2 occurs, the conventional method shows that the residual converges to the zero domain, i.e., a false negative alarm is triggered.
After successfully isolating the four faults above, the next step is to estimate the faults. The estimation results are shown in Fig. 10 .
The verification result shows that, due to the equivalent output-error injection, the estimation error of the above four faults can converge to the zero domain in 2 seconds and maintains sliding motion, which indicates high sensitivity. In addition, due to the design of H ∞ , the fault estimation results can be stabilized in the zero domain, without significant chattering, which suggests a high estimation accuracy.
The above analysis shows that the timeliness, fault identification capability, and fault separation capability of the joint sliding mode observers are far superior to the conventional method. During the fault estimation, the scheme, which is introduced in this paper, weakens the effect of chattering significantly, which is indicative of both high sensitivity and high estimation accuracy. 
V. CONCLUSION
In this paper, we proposed a multi-fault diagnosis scheme of the aero-engine control system using joint sliding mode observers. Firstly, a mathematical multi-fault model was established to describe the actuator and sensor faults accurately and comprehensively. Then, we constructed the joint sliding mode observers, using the sliding mode variable structure term, to weaken coupling between the different faults. This enables the detection and isolation of each fault. After isolating the faults, we designed observers to estimate the fault characteristics. The design of H ∞ can suppress the impact of uncertain factors, and the equivalent output error injection term produces a more accurate fault estimation. Compared with the conventional method, the advantages of the new method are: When multi-faults occur in the control system, the proposed scheme can effectively diagnose actuator and sensor faults including jumping faults, gradual faults and sinusoidal faults. During establishing multi-fault model, sensor faults are translated into pseudo-actuator faults through integral transformation, i.e., sensor faults have the same form as actuator faults, which makes the description of multi-faults more accurate and comprehensive, and simplifies the fault diagnosis scheme design significantly. During the FDI process, the proposed scheme showed high sensitivity, fault identification capability, and separation capability, while weakening the coupling effect. During the fault estimation, the proposed pseudo-sliding form can reduce the chattering problem and the H ∞ design can suppress the impact of interference. The benefits of reducing the effect of chattering, higher sensitivity, and higher estimation accuracy are also noticeable.
A future research direction is to extend the method to different types of aero-engines, and to design observers for different system features, which would enhance the capability of the method. We verified the multi-fault diagnosis at the exact operating point, but the robustness at different fan rotor speeds in the full flight envelope remains to be studied. In addition, when designing the observers, the fault diagnosis scheme can be further improved by combining aero-engine component degradation and gas-path faults. This would enhance the comprehensiveness of the method. Hence, a more complete fault diagnosis scheme can be constructed, which improves both aero-engine safety and stability effectively, and extends the operating life of an aero-engine.
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